Abstract: This paper maps the large-scale variation of the Spanish language by employing a corpus based on geographically tagged Twitter messages. Lexical dialects are extracted from an analysis of variants of tens of concepts. The resulting maps show linguistic variation on an unprecedented scale across the globe. We discuss the properties of the main dialects within a machine learning approach and find that varieties spoken in urban areas have an international character in contrast to country areas where dialects show a more regional uniformity.
Introduction 1
As all social animals, humans depend on communication to live, grow, and thrive and as society grows ever more complex so does the need to communicate effectively. The evolutionary answer to this need was the development of languages, first in spoken and later in written form.
Language allows us to clearly express our thoughts and feelings, transmit knowledge, coordinate large groups of individuals and ultimately achieve our societal and individual goals. For a given language to be able to play its fundamental social role it must continuously evolve and adapt to serve the needs of its population. As a result, new forms, registers, dialects and even whole languages emerge and fade from existence.
Over the years, linguists have strived to study and analyze all aspects of variation and change in language (Chambers / Trudgill 1998) , both oral (Labov / Sharon / Boberg 2005) and written (Bauer 2004 ) using surveys, interviews, specially crafted corpora, etc. Studies that relied predominantly on written records have focused on more formal types of language use, leaving the vernacular as a little explored and understood domain. The recent massification of online social networking and microblogging services resulted in an unprecedented wealth of written content produced by large swaths of the population in many different contexts. Not surprisingly, these new Internet corpora have attracted the attention of linguists of diverse backgrounds and opened the doors to new and innovative studies on how language use varies both geographically and over time (Nguyen et al. 2015) in different languages. Twitter is an excellent example. For instance, using this tool we (Gonçalves / Sánchez 2014) find two global varieties of Spanish; Einsenstein et al. (2014) propose a latent variable model for English geographic lexical diffusion and change; Doyle (2014) discusses the differences between Twitter-based linguistic maps and results from more traditional approaches; Ibrahim / Abdou / Gheith (2014) use standard Arabic and Egyptian dialectal Arabic tweets in a sentiment analysis; Kulkarni / Perozzi / Skiena (2015) examine semantic and syntactic variation of English with a massive online dataset; Estrada Arráez / de Benito Moreno (2016) investigate language innovations in online social networks.
In this work, we build on our previous efforts (Gonçalves / Sánchez 2014) and use Twitter to empirically define Spanish geographically consistent dialects. Based on a machine learning analysis we found that Spanish is globally split into two large lexical clusters. Cluster α corresponds to the speech used in largely populated areas (an international variety) while cluster β is mostly encountered in rural areas and is thus related to local varieties. Here, using a greatly expanded set of tweets and an independent list of words we verify the existence of these superdialects and recompute the dialect isoglosses.
Methods
Using the Twitter Gardenhose we collected an unbiased sample of all tweets produced between May 2010 and June 2015. See Mocanu et al. (2013) , Gonçalves / Sánchez (2014) and Ronen et al. (2014) for further results on Twitter datasets. From these, we selected the subset of tweets containing geolocation information and used the Google's Compact Language Detection The next step is to define a corpus. We focus on word choice (lexical differences) because this level of language is more easily accessed in our database. The advantage of using lexical variation is methodological as studying phonetic variation (Penny 2000) in written corpora poses many practical challenges. See, e.g., Cahuzac (1980) for a lexical analysis that leads to clear divisions of Hispanic America. Our corpus is built from the Varilex database (Ueda / Takagaki / Ruiz Tinoco 1993). Varilex contains thousands of words and expressions grouped by concepts.
The different correspondences for a given concept are registered in many Spanish-speaking locations. We selected a list of 46 common concepts containing 331 lexical features (the full list is shown in the Appendix below) and isolated 4 million instances in which these words appeared in our dataset of 106 million geolocated tweets in Spanish. The selection of these concepts is aimed at examining only geographical distinctions, whilst also minimizing semantic ambiguities and register variations. Each instance was mapped to a 25"x25" geographical cell (we have in total 3629 non-empty cells) for which the dominant word for each concept was determined.
Maps for each concept were generated by drawing a circle centered at each cell with a color given by the dominant word and an area that scales with how many times that word was observed in that cell.
Finally, we built a cell x word matrix, M, where element M cw is 1 if word w is the dominant term for a given concept in cell c and 0, otherwise. This matrix summarizes all the relevant lexico-geographical information that is necessary to fully characterize the spatial variation of the Spanish language. It is worth highlighting the fine spatial detail that we are able to obtain with this approach. In Fig. 3 we zoom in on the geolocations for the words belonging to the concept 'cold' used in Spain. While resfriado dominates in Southern Spain the situation is more diverse in the Northern part (Fernández-Ordóñez 2012) . Clearly, the final distribution is not only geolectal but can also include register competition. However, we note that our findings are consistent with the results found in Varilex, so the outcome of our methodology is encouraging despite its obvious limitations. Furthermore, in contrast to Varilex our generated maps are not restricted to a few towns but show a geographical continuum for the use of the lexical units. In addition, the maps are based on an automatic analysis of thousands of tweets including the different words. The immense amount of data allows us to address a statistical analysis of our results. Our aim is to unveil the internal structure of the variation for the Spanish used in Twitter. The different dialects and varieties should naturally emerge from the analysis. Many linguistic criterions at different levels have been suggested in order to establish well-defined zones with dialect similarities. Here, we follow a machine learning approach that consists of trying to find regularities in our data (Murphy 2012) . The basic idea is to group cells in K clusters that are mathematically similar to each other. This similarity in our data has a linguistic origin and is encoded in M. We therefore use a K-means algorithm applied to the matrix M. However, M is too large. We can obtain a more manageable arrangement by reducing the M size keeping at the same time 95% of the variance (i.e., the meaningful correlations). The difficulty now is to establish an optimal value of K that balances the complexity and a relatively small number of clusters. This value is found from the metric f(k) (Pham / Dimov / Nguyen 2005) .
Results and discussion
We find that the cells split into two well-defined clusters or macrovarieties, which we represent in the map of Fig. 4 (red dots: superdialect α; blue dots: superdialect β). Surprisingly, the clusters are not localized around a definite region. Both groups are present in all Spanishspeaking countries (except Cuba, for which we have no Twitter data). There have been previous proposals that put forward a bipartition of Spanish into two superdialects. The criterion has been mainly phonetic. For instance, depending on the realization of the implosive /-s/ Fernández Sevilla (1980) and Montes Giraldo (1982) have established two large Spanish varieties: the Southern, atlantic or lowland dialect and the Central, interior or highland dialect. Both superdialects are at the same time present in Europe and America and have no geographical continuity, as in our case. Nevertheless, the nature of our superdialects is entirely different because our analysis is based on the variation of word choice.
Let us examine in closer detail the properties of our two clusters. In the inset of Fig. 4 we plot the statistical distribution of population estimated for each superdialect. Clearly, cluster α has on average more population than cluster β. We confirm this result by checking that many red dots in Fig. 4 correspond to cities and large urban areas (indicated in the figure) . We emphasize that this conclusion agrees with our previous work (Gonçalves / Sánchez 2014) but is obtained from a completely different corpus. The extension of the two superdialects slightly differs as compared with our earlier analysis since the Twitter dataset is now larger. In any case, the presence of the two superdialects obtained through independent datasets shows the robustness of our conclusion.
What is the nature of each superdialect? The answer should be found in the influence of cities in the evolution of language. Urban areas have a pivotal role in the globalization process of Spanish (López Morales 2001) . The driving force is multiple (mass media, travellers, emigrants, Internet), which tends to a uniformization of the active lexicon eliminating specific words and expressions with a marked regional character. We can assume that the pan-Hispanic interurban variety enjoys social prestige among Twitter users. We have checked that superdialect α presents most of the words in our corpus whereas superdialect β is linguistically more heterogeneous, as expected for rural areas. We assign to superdialect α an international Spanish variety understood and propagated mostly in the main urban centers and likely related to official media. We continue our geographical delineation of the various dialects spoken in Twitter by further subdividing superdialect β. We identify three distinct regional dialects, as shown in Fig 5, corresponding, respectively, to the Iberian Peninsula (in blue), North America, Central America and the Northern part of South America (in orange) and the Southern Cone (in green). Surprisingly, we also find one fourth regional dialect (in yellow) whose extension is less confined and which can be found scattered throughout South America with a predominance in the interior of Argentina, where it coexists with the green dialect, and locations along the Andes mountain range (South, Central and North Andes), where we observe a contact with the orange cluster. These diatopically opposable options are truly dialects understood as regional varieties.
The dialect division of Hispanic America is a topic of ongoing debate; for a review, see Moreno Fernández (1993) . However, our results agree with the most recent proposals (Quesada Pacheco 2014). The orange dialect spans the south of the United States, Mexico, Central America and the Caribbean countries whereas the green variety comprises the Rio de la Plata region in Argentina, Uruguay and Paraguay. The former dialect has been more influenced over the years by a closer relationship with the European metropolis (see also the blue dots in the Mexican plateau). In contrast, the Rioplatense Spanish has its own personality due to later settlement of the region and less contact with the prestigious norm radiating from Spain during the colonial age. It is interesting to note that the strongly mixed character of Chile suggests that this country could, in fact, build up a different region by itself, in agreement with recent schemes (Cahuzac 1980) . Future work, which should increase the size of the dataset and reduce the noise levels, might detect more clearly this language variety and also shed more light on the nature of the yellow dialect, which now appears to be quite dispersed. Note the separation between European and American dialects and the division of the latter into three main blocks.
Conclusions
As technology permeates more and more aspects of our daily lives, our ability to observe human behavior through different lenses also increases. In particular, the advent of large-scale online social media services implies that we can, for the first time in history, perform a detailed analysis of how language is used informally around the world. In this manuscript we extend our previous efforts in employing user-generated content to analyze the diatopic structure of modern day Spanish language at the lexical level. Using a completely new list of concepts and related words and a much larger geolocated Twitter corpus, we recover a more detailed geographical picture of the two superdialects identified and characterize the regional variations observed. The robustness of our results points the way towards a deeper understanding of vernacular language and opens the doors to more detailed empirical studies of language usage and evolution across the world. This study is one further step towards a large-scale approach to linguistics and we believe that similar studies on other languages will undoubtedly allow us to start to glimpse common mechanisms in language evolution and differentiation. 
